Signal transduction plays important roles in biological systems. Unfortunately, our knowledge about signaling pathways is far from complete. Specifically, the direction of signaling flows is less known even though the signaling molecules of some signaling pathways have been determined. In this paper, we propose a novel hybrid intelligent method, namely HISP (Hybrid Intelligent approach for identifying directed Signaling Pathways), to determine both the topologies of signaling pathways and the direction of signaling flows within a pathway based on integer linear programming and genetic algorithm. By integrating the protein-protein interaction, gene expression, and gene knockout data, our HISP approach is able to determine the optimal topologies of signaling pathways in an accurate way. Benchmark results on yeast MAPK signaling pathways demonstrate the efficiency of our proposed approach. When applied to the EGFR/ErbB signaling pathway in human hepatocytes, HISP unveils a high-resolution signaling pathway, where many signaling interactions were missing by existing computational approaches.
Introduction
Signal transduction is one of the most important biological processes and plays key roles in biology, such as development and response to environment changes. The dysfunction of signal transduction may lead to various diseases, e.g. cancer and neurodegenerative disorders (Liu et al., 2012; Jiang, 2015; Wang et al., 2015b; Zhang et al., 2015) . Therefore, it is important to learn the characteristics of signaling pathways, including topological structures and signaling molecules. Despite much efforts have been made to define and curate signaling pathways, e.g. KEGG (Kanehisa, 2000) and Reactome (Croft et al., 2011) , unfortunately, our knowledge about pathways, even for the simplest signaling cascades, is far from complete. Although the signaling molecules as well as their interactions can be determined with biochemical experiments (Wang et al., 2015a) , it is a labor intensive and expensive procedure considering the complex interactions among possible signaling molecules, whereas the signaling pathways are generally networks instead of linear cascades.
In the past decade, with the development of high-throughput technologies, it is becoming possible to unveil the molecular interactions involved in the signaling pathways. At the same time, some computational approaches have been proposed to identify signaling pathways based on the accumulating highthroughput data. For example, the network flow algorithm has been utilized to determine the signaling pathways between a source node and a terminal node based on protein-protein interactions (PPIs) and gene expressions (Yeger-Lotem et al., 2009; Zhao et al., 2009; Melas et al., 2013) . The signaling pathway impact analysis (SPIA) approach was proposed to identify the pathways impacted by perturbations under specific conditions (Tarca et al., 2009) . The integer linear programming (ILP) model was developed for inferring signaling networks based on PPIs (Zhao et al., 2008; Yeger-Lotem et al., 2009; Melas et al., 2013) . Despite those approaches are able to determine the topological structures of signaling pathways, the resultant signaling networks are generally undirected graphs and the direction of signaling flows within pathways is unknown. Although Boolean (Klamt et al., 2006) and Bayesian networks (Sachs et al., 2005) have been used to model the signaling flows, the Bayesian network fails to detect feedbacks/loops in the pathway and the computation cost is high, while the Boolean network cannot describe the quantitative changes of signaling flows.
In this paper, we propose a novel hybrid intelligent approach, namely HISP, that combines ILP and genetic algorithm, which is able to automatically determine the optimal topologies of signaling networks and can further detect the direction of signaling flows across a network. Benchmark results on MAPK signaling pathways of Saccharomyces cerevisiaes demonstrate the efficiency of our approach. When applied to the EGFR/ErbB signaling pathway in human hepatocytes, HISP unveils a high-resolution signaling map, where many signaling interactions are missed by existing computational approaches.
Results
In this work, the identification of directed signaling pathways from PPI networks (PPINs) was formalized as an optimization problem, and our proposed HISP approach tried to detect a signaling network that can best keep gene expression and signal modification consistency when the signaling pathway is under perturbations. The details can be referred to the Materials and methods section. To evaluate the performance of HISP, in the following parts, we applied it to identify MAPK signaling pathways in S. cerevisiaes and EGFR/ErbB signaling pathway in human hepatocytes.
Identification of MAPK signaling pathways in S. cerevisiae
In order to demonstrate the performance of our proposed method, we applied HISP to identify the MAPK signaling pathways, including pheromone response, cell wall integrity, high osmolarity, and filamentous growth, in S. cerevisiae. In this work, the yeast MAPK signaling pathways retrieved from KEGG database (Kanehisa et al., 2006) were used as the gold standard pathways.
For the filamentous growth invasion pathway, we used gene expression data from Rosetta Compendium (Hughes et al., 2000) and Pearson's correlation coefficient calculated based on the gene expression data was used as the weight w ij accompanying each PPI e ij . With a shrunk network consists of 190 proteins and 635 interactions obtained as described in the Materials and methods section, a signaling pathway starting from RAS2/SHO1 and ending at STE12 was determined with the HISP approach as shown in Figure 1B , where the parameters were set as α ¼ β ¼ γ ¼ λ ¼ 0:25, and the population size was set to 500 (popsize ¼ 500), selection rate as 0.9 (p s ¼ 0:9), and mutation rate as 0.3 (p m ¼ 0:3) in the genetic algorithm. Compared with the filamentous pathway from KEGG ( Figure 1A) , we can see that all the signaling proteins in the stem pathway can be found in the network identified by HISP. Furthermore, the direction of signaling flows can be determined correctly with HISP. Except for the signaling proteins shown in the reference pathway, we also found some signaling proteins that were not included in the reference pathway but were reported related to filamentous growth. For example, SWE1 has been reported to modulate CDC28 which in turn exerts global effects that cause filamentous growth (Edgington et al., 1999; Lee et al., 2011) . In addition, CLN2 was found to form a complex with CDC28 regulated by STE20 in budding yeast filamentous growth (Ahn et al., 1999) . CDC24 was found necessary for polarized growth during budding and mating in S. cerevisiae (Johnson, 1999) . FUS3 was reported to be an inhibitor in filamentous growth (Cullen and Sprague, 2012) , and STE5 has been reported as a scaffolding protein in filamentous growth pathway (Cullen and Sprague, 2012) . Considering the parsimonious rule in biology, we can further shrink the resultant signaling pathway. The parameter γ in HISP was used to control the size of the resultant signaling pathway. Figure 1C shows the signaling pathway containing 15 proteins and 23 edges with α ¼ β ¼ λ ¼ 0:15 and γ ¼ 0:55, from which we can see that pathways of different sizes can be easily obtained with our model by adjusting the parameter γ. From the results, it is clear that all signaling proteins as well as their signaling directions can be correctly recovered with HISP except for TEC1 that was not in the PPIN we explored. Moreover, we detected FUS3 and STE5 that have been found related to filamentous growth invasion pathway. MPT5, a PUF-family RNA-binding protein, that has been found related to filamentous growth was also detected in our signaling pathway (Prinz et al., 2007) .
For the pheromone response pathway, the expression of each gene as well as the weight for each interaction were quantified with the gene expression data from Stress Response (Gasch et al., 2000) dataset. The signaling network starting from STE2/STE3 and ending at STE12 was obtained with HISP from a shrunk PPIN consists of 292 proteins and 746 interactions (see Figure 2B) , where the parameters were set as α ¼ β ¼ γ ¼ λ ¼ 0:25, popsize ¼ 500, p s ¼ 0:9, and p m ¼ 0:3. Compared with the KEGG pheromone pathway shown in Figure 2A , the HISP approach proposed here can identify the linear signaling pathway
Except for the linear pathway, HISP detected redundant and alternative pathways between STE2/STE3 and STE12, which are important for the robustness of signaling pathways. Moreover, some important signaling proteins missing from Figure 2A but known associated with pheromone response were detected by our model, such as STE5 (Printen and Sprague, 1994) , CLN2 (Cross and Tinkelenberg, 1991) , and AKR1 (Pryciak and Hartwell, 1996) . Moreover, mutations in proteins PBS2 and HOG1 have been found to allow osmolarity-induced activation of the pheromone response pathway (O'Rourke and Herskowitz, 1998), indicating their important roles in the pheromone signaling pathway. SHO1 was found to be involved in both pheromone response pathway and high-osmolarity glycerol (HOG) pathway (O'Rourke and Herskowitz, 1998) . In addition, the SST2 protein has been proved to inhibit the pheromone response pathway and result in desensitization to pheromone (Dietzel and Kurjan, 1987) .
For the cell wall integrity pathway, the stress response gene expression dataset was used to quantify the expression value of each gene and the interaction strength between a pair of proteins. Figure 3B shows the signaling pathway identified by HISP with the parameters α ¼ β ¼ γ ¼ λ ¼ 0:25, popsize ¼ 500, p s ¼ 0:8, and p m ¼ 0:8. By comparing the resultant cell wall pathway against the reference one from KEGG database ( Figure 3A) , we can see that the linear signaling cascade 'MID2 → RHO1 → PKC1 → BCK1 → MKK2 → SLT2 → RLM1' can be successfully recovered by the HISP approach. Furthermore, some alternative pathways and additional signaling proteins can also be found by the HISP approach. For example, the polarisome protein SPA2 has been found to act as a scaffold-like protein that recruits MKK1 and MKK2 of the cell wall pathway to sites of polarized growth (Levin, 2005) . Here, FKS1 was not detected since there is no interaction between the protein and RHO1 in the interactome used here. For the HOG pathway, the Carbon Source gene expression dataset was utilized for quantifying the expression value of each gene and the interaction strength between a pair of proteins. Figure 4B shows the signaling pathway identified by HISP, which starts from SLN1/SHO1 and ends at MSN2/MSN4
From the results, it can be clearly seen that the HOG pathway ( Figure 4A ) was correctly detected by HISP. In addition, BEM1 identified by our method binds to STE20, and has been reported to have influence on the signaling in high-osmolarity pathway (Winters and Pryciak, 2005) .
From the results on MAPK signaling pathways obtained by our proposed HISP approach, we can see that HISP is able to identify not only the optimal topological structures of signaling pathways but also the directions of signaling flows within the pathways. Especially, the signaling directions for the loops (e.g. SPA2-MKK1-SLT1 in the cell wall pathway) within a signaling network is difficult to determine, which can be efficiently resolved by HISP.
EGFR/ErbB signaling network in hepatocytes
To further evaluate the performance of the HISP approach, we applied it to identify the EGFR/ErbB signaling pathway in human hepatocytes. In this work, the network consists of 39 nodes and 63 edges as shown in Figure 5A from Samaga et al. (2009) was used as the background network for further analysis, where the network has also been used for detecting the EGFR/ErbB signaling pathway with an ILP model. The perturbation data from Melas et al. (2013) were employed to help determine signaling directions, and the gene expression data from Liguori et al. (2008) were used to quantify weights associated with nodes and edges as described above since the proteomics data used in Melas et al. (2013) was not available. In the pathway, TGFα was used as the starting node (marked in blue in Figure 5 ), while STAT3, HSP27, CREB, P70S6_1, and GSK3 were used as target nodes (marked in red in Figure 5 ).
With the above background network, we aimed to identify a directed signaling network between the starting node and target nodes. For this purpose, our proposed HISP approach was utilized with parameters α ¼ 0:2, β ¼ 0:1, γ ¼ 0:1, γ ¼ 0:3, popsize ¼ 500, p s ¼ 0:8, and p m ¼ 0:3. As a result, a signaling network consists of 18 proteins was obtained as shown in Figure 5D . To see the performance of our approach, we compared our results with that recently obtained by an ILP model (Melas et al., 2013) as shown in Figure 5C based on the same background and perturbation data we used here, where the ILP model works on a more compact network shown in Figure 5B derived from Figure 5A . For a fair comparison, we used a manually curated EGFR signaling pathway map from Oda et al. (2005) as gold standard. Despite the tissue specificity of hepatocytes, the reference signaling pathway can still be used to validate the pathways detected by computational approaches.
Compared with the reference EGFR pathway, we can see that our HISP approach is able to successfully identify the following signaling cascades:
On the other hand, the ILP model fails to identify the path TGFα → ERBB11 → VAV2 → RAC_CDC42, while instead links TGFα directly to RAC_CDC42. As shown in Figure 5D and the reference pathway, the proteins P38 and JNK should be regulated by MKK4 instead of RAC_CDC42 in the EGFR pathway and MEK12 should be regulated by MEKK1 (Oda et al., 2005) , which were however not reported in the signaling network ( Figure 5C ) obtained by ILP model. Furthermore, in the signaling network found by ILP, STAT3 was an isolated node. However, STAT3 has been reported to be activated by the EGFR kinase in hepatocytes (Yamamoto et al., 2001; Han et al., 2008; Zhang et al., 2013) , which was successfully recovered by HISP. Except for the wellknown receptor ERBB11 involved in the EGFR pathway, the VAV2 protein has already been reported as a substrate of the epidermal growth factor receptor (EGFR) (Tamas et al., 2003) and found to affect EGFR signaling by slowing the receptor internalization and degradation (Thalappilly et al., 2010) , and is phosphorylated on tyrosine residues in response to EGF and associates with the EGFR in vivo (Pandey et al., 2000) . In our identified EGFR signaling network, P38 kinase regulates both HSP27 and CREB through MK2 (also known as MAPKAPK-2), which was missed by ILP. In fact, the P38-MK2-HSP27 and P38-MK2-CREB pathways are two well-known signaling cascades (Meng et al., 2002; Kim et al., 2005) .
From the results shown above, we can clearly see that our approach can correctly identify the high-solution EGFR signaling pathway map induced by TGFα, and more details can be uncovered with our model compared with ILP. Note that the ILP model needs to work on a compressed and compact network (as shown in Figure 5B ) that is a subnetwork of the background network ( Figure 5A ), while our model is able to handle the background network directly and detect the signaling pathway in one step.
Discussion
In this paper, we present a hybrid intelligent approach HISP that combines both ILP and genetic algorithm for identifying signaling pathways from an interactome. Unlike traditional approaches for identifying signaling pathways, HISP cannot only identify the topological structures of signaling pathways but also determine the direction of signaling flows across the pathway. In HISP, the genetic algorithm can help quickly determine the directions of signaling flows based on which the ILP model can determine the signaling molecules and the topological structures of signaling pathways. Benchmark results on yeast MAPK signaling pathways demonstrate the efficiency of HISP, where both the topological structures and the direction of signaling flows were correctly determined. We further applied HISP to identify the EGFR/ErbB signaling pathway in hepatocytes, and found some signaling molecules and their interactions missed by existing approach, indicating the predictive power of HISP.
We also noticed that there is much space to improve our approach. Here, the signaling pathways are identified based on existing PPIs, and the incompleteness and quality of PPIs will have much influence on the resultant signaling pathways. In the literature, there have been some directed PPIs reported. For example, the directed PPI network was constructed based on experimentally determined PPIs with a naïve Bayesian classifier by Vinayagam et al. (2011) . By taking these directed PPIs as prior knowledge, the performance of our HISP is believed to be improved in the future. Furthermore, those self-regulations were not considered here while many such cases exist in practice, and this will be considered in our future work. In addition, the tissue-specific gene expression data have been found useful to identify condition-specific signaling networks (Guo et al., 2016; Zhao et al., 2017) , e.g. those in cancers (Cheng et al., 2015) . The tissue-specific gene expression data will also be considered in our future work.
Material and methods
In this work, a PPIN was described as a weighted graph D ¼ ðV; E; WÞ, where V denotes the set of vertices (i.e. proteins) and E is the set of edges. In the network, x i is the gene expression value for node i, and a weight w ij associated with each edge e ij describing the interaction strength between nodes i and j was defined as the correlation coefficient between the two proteins based on their gene expressions.
Expression consistency
In the signaling network, if two genes belong to the same pathway, the perturbation to the upstream gene will generally impact the expression of the downstream one. In other words, if there is a path P k from an upstream gene i to a downstream gene j, P k ¼ i; v 1 ; v 2 ; ::v m ; j f g , i; j; v * ∈V, the expression of gene j should be influenced by the genes within P k . According to this assumption, we defined the influence of gene i on gene j through the path P k as follows:
In biology, there are possibly multiple paths between gene i and gene j, and the expression of gene j may be affected by gene i through all these paths. By taking into account all the possible paths between a pair of genes i and j, we defined HISP j 457 the expression of gene j as below if the gene was regulated by gene i.
where P k is the k-th path between genes i and j. The gene expression value x j is the sum of those values obtained with Equation (2) if there are multiple genes regulating gene j. In this work, the observed expression of gene j was defined as x j , while the expected expression of gene j was defined asx j . Ideally, the expected expression of gene j should be the same as the observed one, i.e. x j ¼x j . However, there is always a gap between these two variables due to possible noise and other perturbations from outside. Compared with those genes not in the pathway, the inconsistency between observed expression and expected expression for a gene in the signaling pathway should be as small as possible. Therefore, this inconsistency should be minimized in our model.
Signal consistency
In the signaling pathway, the state of one gene will change if its upstream gene is perturbed, e.g. knockdown or RNA interference (RNAi). With this prior knowledge, the activity change of gene j was defined as r j ¼ x From above definitions, we can see that the sign of each node in the signaling pathway can be determined by its upstream nodes. That is, the expected sign s j of node j in the downstream of a perturbed gene i can be defined as below:
where P k is the k-th (k ¼ 1; 2; ::; n) path between genes i and j, signðP k Þ ¼ signðw i;v1 w v1;v2 ::w vn;j Þ, and m i is the sign of gene i. If there are multiple perturbed nodes in the upstream of gene j, s j is the average of those values achieved with Equation (3). Gene i was regarded as signal consistent if its expected sign s i is the same as its measured sign m i . In practice, inconsistence may exist between the expected and measured signs, which was defined as Δ i ¼ m i − s i j j here. With the perturbation experiments of gene knockdown or RNAi, we investigated the signal consistence for each gene wherever possible. In the ideal case, each gene in the signaling network should be signal consistent, i.e. Δ i ¼ 0 for each gene i, and the total error should be X i ∈ V Δ i ¼ 0, which however is not true in most cases.
Considering possible noise inherited in the data,
be minimized when we defined the topological structures of signaling networks. Figure 6A shows a toy example of one signaling network consists of seven nodes, where the solid lines denote the experimentally determined causal regulations between nodes, dotted lines denote interactions between nodes with uncertain directions, and the blue node is the perturbed node while the red ones are readouts. Considering the two undetermined regulations between nodes B and C as well as those between nodes D and F, there are in total nine possible topological structures for the signaling network as shown in Figure 6B -J, where the bidirectional regulations were not considered in this work. In this example, we supposed that m A ¼ 1,
, and the measured signals of nodes F and G satisfy m F ¼ m G ¼ 1. According to the possible network structures shown in Figure 6B -J, Table 1 lists the sign of each node and the fitting errors of readouts for each network. From Table 1 , we can see that the network structure shown in Figure 6H is the optimal one with signal consistence. Note that the topologies shown in Figure 6D -G, I, and J were eliminated directly since node C was not affected by node A in those networks.
Reduction of network size
In general, a PPIN has thousands or even tens of thousands of proteins, which makes it difficult to identify signaling pathways from such a large network. For example, in a network consisting of 50 edges that each has three possible signs 1, −1, or 0, there will be in total 3 m ¼ 3 50 ≈ 7 × 10 24 possible topological structures for the network. Obviously, it is a challenging task to determine the optimal structure of the network in such a huge search space. Therefore, to make the identification of signaling pathways computationally tractable, it is necessary to reduce the size of the network of interest.
For a network D with given starting node s and target node t, the adjacent matrix of D was denoted as A ¼ a ij È É with a ij ¼ e ij .
Given D, all the paths between s and t with distance less than l max were detected by depth-first search. With the resultant set of paths P, a new smaller network D core ¼ V core ; E core ; σ ð Þ was obtained, where V core is the set of all vertices involved in the path set P and E core is the set of edges with each edge e ij linking a pair of nodes from V core . The shrunken network D core will be used for further analysis below.
ILP model for identifying signaling pathways
As described above, given a PPIN D ¼ ðV; E; σÞ, the genes involved in the signaling pathway we aimed to find should satisfy both expression and signal consistency. In other words, x j −x j and s j − m j should be minimized, where x j and s j are observed expression and signal of gene j whilex j and m j are expected expression and signal for gene j. Based on the expression and signal consistency rule, an optimization model was designed as follows:
where the first term represents the total error between predicted and measured expression values in the network and the second means the total fitting error of signal patterns, n E is the number of edges in the network, and the parameters α and β are used to balance the two terms in the objective function. Besides expression and signal consistency, as we showed previously (Zhao et al., 2008) , signal transduction will consume as few energy as possible to accomplish the task, i.e. the parsimonious rule. That is, the resultant signaling pathway should be a sparse network. On the other hand, the strength of those interactions in the signaling pathway should be strong, which means that the resultant signaling pathway should be a network with maximum weight. With the above prior biological knowledge, the above model can be refined as an ILP model as follows:
α; β; γ; λ ∈ 0; 1 ½ (11)
e ij ∈ f0; 1g (13) where V is the set of nodes in the candidate signaling pathway, v j is a binary variable to show whether node j is in the pathway (1 means in the pathway and 0 otherwise), e ij is the edge between nodes i and j, and α, β, γ, and λ are non-negative parameters that balance the terms in the objective function, and n E is the number of edges in the resultant signaling network. Table 1 The results on signaling inconsistency of the nine possible signaling networks shown in Figure 6B -J. The 'm i ' column shows the measured signal state of nodes F and G, the 's i ' column shows the signal states calculated for each node in a signaling network, the 'Δ i ' column shows the fitting errors of readout nodes F and G, and 'Σ i Δ i ' shows the total error of the readouts. Note that 1 means upregulation, −1 means downregulation, and 0 means no change. 
The signaling pathway with optimal topology that best fit the experimental data could be obtained by solving the above ILP model.
Elucidating pathway topologies with genetic algorithm
Despite the size of the initial PPIN can be reduced as described above, the number of possible topological structures for a signaling pathway is still large, i.e. the possible solution space of the ILP model is large. In this work, the genetic algorithm with operations including selection, crossover, and mutation was employed to determine the candidate topologies of resultant signaling pathways. The fitness function F of the genetic algorithm employed here was defined as below:
where E is the objective function of the model described in Equation (8). The selection operation of the genetic algorithm used here was fitness proportionate selection, and the point crossover with children obtained from swapping between two parents at a single crossover point was utilized while binary mutations were employed here. The hybrid intelligent approach that combines ILP and genetic algorithm for identifying signaling pathways was called HISP herein.
PPIs, gene expressions, and perturbations For S. cerevisiae, the PPIs from DIP core (Deane et al., 2002) were used, which include 2182 proteins and 5262 physical interactions when this work was started. We also considered three gene expression datasets, including Stress Response (Gasch et al., 2000) , the Carbon Source (Daran-Lapujade et al., 2004) , and Rosetta Compendium (Hughes et al., 2000) . In particular, the expression data measured under 37°C-25°C shock from Stress Response dataset were used here. Pearson's correlation coefficient between a pair of genes calculated based on their gene expression profiles was used as the weight accompanying the interaction between their encoded proteins. The perturbation Integrating phenotypic and expression profiles to map arsenic response networks GSE1365 Knockout TFB5 (YDR079c-a) knockout study data used in this work are knockout data (see Table 2 ) obtained from the Gene Expression Omnibus (GEO) database (Barrett and Edgar, 2006) .
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